
 
A. Egges, S. Kshirsagar, N. Magnenat-Thalmann. Imparting Individuality to Virtual Humans. First 
International Workshop on Virtual Reality Rehabilitation (Mental Health, Neurological, Physical, 
Vocational), pp. 201-108, Lausanne, Switzerland. November, 2002. 



Imparting Individuality to Virtual Humans

Arjan Egges — Sumedha Kshirsagar — Nadia Magnenat-Thalmann

MIRALab, University of Geneva
24, Rue General-Dufour
1211 Geneva
Switzerland
Email: {egges,sumedha,thalmann}@miralab.unige.ch

Abstract
In this paper, we present an integrated method of linking personality and emotion with the

response generation and expression synthesis of Virtual Humans. The characters are powered
by a dialogue system that consists of a large set of basic interactions between user and computer.
These interactions are encoded in finite state machines. Transitions are linked with conditions
and actions that can be connected with external modules. One of these modules is a personality
module. In this way, responses of the virtual human depend not only on input given by a user,
but also on its personality and emotional state. The dialogue system is connected to a 3D face
that performs the speech and facial animation, together with facial expressions that reflect the
personality specification.
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1 Introduction

As people are getting more and more dependent on using the computer for a variety of
tasks, providing interfaces that are intelligent and easy to interact with, has become an
important issue in computer science. Current research in computer graphics, artificial
intelligence and cognitive psychology, aims to give computers a morehumanface, so
that interacting with computers becomes more like interacting with humans. With the
emergence of 3D graphics, we are now able to create very believable 3D characters
that can move and talk. However, thebehaviourthat is expressed by such characters is
far from believable in a lot of systems. We feel that these characters lackindividuality
and that it is very important to pursue this issue on various levels in modelling virtual
humans: perception, dialogue and expression.

This paper describes our preliminary results in an experiment that tries to realis-
tically connect personality and 3D characters not only on an expressive level (which
means generating emotion expressions on a 3D face for example), but also on adia-
loguelevel (generate responses that actually correspond to what a certain personality
in a certain emotional state would say).

The idea of linking personality with behaviour is not new. A very clear example
of this is [10] that discusses influence of emotion on behaviour in general, or [6] that
describes how personality and emotion can affect decision making. We do not intend
to give a complete overview of the ongoing research in conversation, emotion and
personality, but a good survey of the topic can be found in [13].

This paper is organised as follows. The next section contains a short introduction
to dialogue systems in general and an overview of the dialogue system that we use.
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Section 3 discusses our system of personality, mood and emotional state. Section 4
presents the personalized visualization system that can show a virtual character with
expressions corresponding to its personality and emotional state. Finally, we give
some results and conclusions.

2 The Dialogue System

This section gives a global overview of dialogue system approaches (for a more com-
plete survey, see [3]). After this overview, we will present the architecture of our
dialogue system.

2.1 Dialogue Management
One of the first attempts to create a system that interacts with a human through natural
language dialogue, was ELIZA [18]. ELIZA is a system that generates standard an-
swers, based on certain word combinations that it finds in a phrase entered by the user.
A newer and more extended version of this approach is found in the ALICE program
[1] that uses AIML (which is XML based) to transcribe pattern-response relations. In
general, there are three main approaches to dialogue modelling: dialogue grammars,
plan-based dialogue management and collaborative dialogue1.

Dialogue grammarsdefine sequences of sentences in a dialogue. Such a gram-
mar can describe the whole dialogue from beginning to end, but also these grammars
can be used to describe often-occurring sequences in a dialogue, such as question-
answer pairs. Dialogue specifications according to a grammar can be constructed us-
ing Chomsky rules or a finite state machine (FSM). Because the system always takes
the initiative in this approach, it can very well anticipate on the user’s response, since
there are only a few choices presented to the user.

A plan-based approachcan model more complex dialogues. The idea of a plan-
based approach for the listener is to discover the underlying plan of the speaker and
respond properly to this. If such a plan is correctly identified, this approach can very
well handle indirect speech acts. However, a plan-based approach does not explain
why a certain dialogue takes place: the dialogue manager has no explicit goal.

Finally, acollaborative approachviews a dialogue as collaboration between part-
ners in order to achieve a mutual understanding of the dialogue. This commitment of
both participants is the reason that dialogues contain clarifications, confirmations and
so on. Every partner has certain beliefs about the other partner and uses these beliefs
to respond to him/her. An example of the application of such an approach is given
in [17, 16], which is based on the generic BDI model of agency [2, 14]. The BDI
model is a model of agency, not specifically intended to be used for conversational
agents. BDI stands for belief, desire, intention, which are the three possible kinds of
statements that can occur in an agent’s state (for an overview and survey on agents,
see [15, 19]). In a BDI system, decisions are made depending on logical reasoning,
desires of the agent and the intentions that an agent has2.

1Several approaches for developing dialogue systems can be compared through the infor-
mation state theory, that was defined in the TRINDI project [9]. The information state theory
is an attempt to develop a model for comparison of different approaches to the development
of dialogue systems. The model identifies the relevant aspects of information in dialogue, how
they are updated and how updating processes are controlled.

2This requires an extended logic definition - BDI logic - for example, see [20].
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2.2 Our Approach
The different approaches addressed in the previous sections all have their advantages
and disadvantages. Dialogue grammars allow writing quick and simple dialogues, but
their flexibility is low and they cannot retrieve very detailed information from natural
language input. BDI agents are very general, but building a dialogue system with
them is very complex, because of the required definition of desires, intentions, beliefs,
a logic interpreter and logical converter of natural language.

We believe that during a dialogue, differentkindsof approaches are required and
therefore we have been working to develop a framework for building interactive sys-
tems that can include a lot of the functionalities possessed by the separate approaches.
For example, having a small conversation about the weather required a lot less re-
sources than a philosophical discussion about the meaning of life. A key element of
a dialogue system should bewhento use a certain approach. And so we define a di-
alogue system as a collective of small dialogue units; every unit handles a specific
dialogue between user and computer.

We define these interactions asfinite state machines(FSMs) where transitions are
linked with conditions and actions. Conditions and actions interface with separate
modules of the dialogue system, such as a reasoning engine, a pattern matcher or a
knowledge base. These FSMs run in parallel, so that switching between conversations
(change of topic) is very easy. Making a transition in a specific FSM relies on a set
of different features, such as weight, priority, previous transition, and so on. This
FSM kernel is programmed in C++ as a library that developers can easily use to make
additional conditions and actions themselves.

Each finite state machine is fully specified in an XML script. Loading the dialogue
system thus consists of loading all of the XML specifications and initialising them in
the begin state. Figure 1 contains a global overview of our dialogue system.

Figure 1: An overview of the dialogue system architecture.
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3 Personality and Emotional State

This section describes the personality module that is interfaced with the dialogue sys-
tem, described in the previous section. When we talk about personality, we use various
related concepts:

• Personality model: this is a model that—in our case—represents aspects of the
personality as dimensions in ann-dimensional space, for example, according to
the OCEAN paradigm [7] or to the PEN model [5];

• Emotional state: a set of emotions that are in a certain state of arousal (for
example based on the OCC model [11]);

• Mood: the mood lies between the personality and the emotional state, and is ei-
ther positive or negative; it is less fluent than emotional arousal, that can change
very quickly [8];

• Emotional impulse: the emotional state is changed by giving it an impulse; the
impulse works on a certain emotion with a certain level; the influence on the
emotional state then depends on this impulse, the personality, the mood, and the
previous value of emotional arousal;

• Individual: an entity consisting of a personality, an emotional state and a mood.

Figure 2 gives a general overview of the components of the personality module that
we have developed. Emotional impulses are defined by giving the emotion name and
a level in the range[−5, 5]\{0}3. An example isjoy+3 or disappointment-5. Positive
values indicate an increased arousal and negative values decrease the arousal. The
influence of the emotional impulse on the emotional state is defined by anaffector.

Figure 2: An overview of the personality system.

3A value of zero is not allowed since this would mean no impulse at all.
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3.1 Affectors
An affector defines how an emotional impulse influences the emotional state. It can
take certain parameters into account, such as personality, mood and previous arousal
of emotions. We express emotional arousal in a percentage 0-100%. Suppose we give
an emotional impulseEx whereE is the emotion andx is the impulse level. A simple
affector could then calculate the arousal change for emotionE in the emotional state
as follows :

∆E = 20x (1)

Using this affector, the impulsejoy+3 would result in an emotional arousal percent-
age increase of+60. Obviously, this affector does not take into account the personality
or mood of an individual. We have designed another affector that defines anaffection
unit for each emotion. Each affection unit is defined by a set ofλ-parameters that
define how the change of arousal of a certain emotion should change if it gets an
impulse. These parameters can be extracted from empirical data obtained from psy-
chological research. The set of parameters can be different for positive and negative
impulses. We use the OCEAN model of personality where we specify the dimensions
as percentages. The mood (denoted byM ) is between−50 (negative mood) and+50
(positive mood). We then calculate aP -value as follows:

P =
MλM

50
+

∑
i∈{O,C,E,A,N}

iλi

100
(2)

If the P -value is greater than 1, we defineP = 1; if theP -value is smaller than 0,
we defineP = 0. We defineP as a chance in a probabilistic system with a normal
distribution wherem = 20Px. We then do a random test every time an emotional
impulse is given with the calculated chanceP . The percentage that we thus obtain is
the change of the percentage of arousal of the corresponding emotion.

3.2 Decay of emotional arousal
Over time, the emotional arousal decays and will become zero again. The shape of the
decay curve depends among others on the personality and the mood of an individual.
In our current implementation, the decay is linear over time, where a constant value
is used to control the speed of the decay. In the future, we intend to explore more
elaborate methods of decaying emotional arousal that take into account the personality
and the current mood of the individual.

4 Visualization

The response from the dialogue system, together with information about the current
emotional state, can be passed on to a visualization system that translates the response
into a virtual human pronouncing it with expressions that are coherent with the person-
ality and emotional state. In order to do this, the visualization system must find a way
to link the personality and emotion to the expression on the virtual face. Therefore
we extend the 22 emotions in the OCC model with two additional emotions, surprise
and disgust, and the regroup the total of 24 emotions into six classes of facial expres-
sions, as defined by [4], in order to reduce the computational complexity. For more
information about this classification, see [8].
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In our visualization system, personality is implemented as aBayesian Belief Net-
work [12]. The BBN controls how mood of the virtual human changes as a proba-
bilistic function of personality. For example, a highly neurotic personality will have
a higher probability for changing moods. The mood in turn affects the actual facial
expression by a simple probability transition matrix that defines how easy (or diffi-
cult) the transitions between expressions are. For example, while in a bad mood, the
probability of changing a positive expression (joy, hope) into a negative one (distress,
fear) is higher than in the opposite transition. Further, facial dynamics are consid-
ered during the expression change, and appropriate temporal transition functions are
selected for facial animation. Although for the moment both models for personality
(OCEAN and the BBN) are used separately in the whole system including the dia-
logue manager, our near future work will go toward developing an integrated model
of personality, mood and emotion/expression that will be used for both the dialogue
system and the visual front-end.

The facial animation is performed by an MPEG-4 compliant player. For some
examples of different expressions, see Figure 3.

Figure 3: Some examples of different facial expressions.
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The behaviour of the Bayesian Belief Networks can be altered by the user through a
set of parameters to change the effect on personality and mood. Also, synchronization
issues are addressed, such as envelope of expressions and some eye-blinking and head
movements. For a more detailed description of the visualization system, please read
[8].

5 Conclusions

We have developed a framework for building flexible dialogue systems that are easy
to extend with additional functionalities. The dialogue is entirely defined in XML
and is thus easy to transfer and read by others. We also have developed a generic
model of personality and affection. The personality, emotion and mood make up an
individual. The influence of personality and mood on emotional arousal is controlled
by a probabilistic affector, defined by parameters for each emotion specified in XML.
The dialogue system automatically generates emotional tags, which are processed by
our visual front-end together with the textual reply. The visual front-end then renders
appropriate speech and facial expressions in real-time.

The modular nature of our dialogue system enables us to extend it to a variety
of applications including training and tutoring. It is easy to visualize an application
where, depending upon the expertise and level of understanding of the learner, the
personality and emotional behaviour of the virtual tutor can be fine-tuned to achieve
maximum enjoyable learning experience. Further, the system has a potential to be
used as a study and research tool for psychologists.

In the future, we intend to improve the affection of personality and mood on emo-
tional arousal, as well as the decay of emotional arousal. Also, we will perform exper-
iments with different dialogue systems and personality to validate the results of our
research.
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